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To facilitate biologists in using this advanced artificial intelligence tool to accelerate scientific
discoveries, we have made our code and documentation open source on GitHub
(https://github.com/sduzzx857/SuB-VFI). The data used in this work are available in the Zenodo
repository (https://zenodo.org/records/14043236), and the pretrained weights can be accessed
on

Google Drive
(https://drive.google.com/drive/folders/1v3XXAmuJZOov1JaOiWMNhmJvK]j8iM_Ee).
Additionally, we have provided a live demo for SuB-VFI on Colab
(https://colab.research.google.com/github/sduzzx857/SuB-VFI/blob/main/demo.ipynb).
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Abstract

Live-cell imaging is essential for studying dynamic cellular processes but is lim-
ited by temporal resolution constraints due to photobleaching and phototoxicity.
Video frame interpolation techniques have been applied to address this. However,
existing pixel-level methods are insufficient in capturing subcellular dynamics,
as they focus mainly on appearance features while neglecting other subcellular
characteristics. Here, we model the behavior of subcellular particles and com-
bine behavioral features with appearance features. This approach enhances the
accuracy of particle matching and improves interpolation outcomes. We tested
our approach on simulated and real datasets and evaluated its performance in
downstream particle tracking tasks. Compared to other interpolation methods,
our approach effectively handles a variety of challenging scenarios, such as the
sudden appearance or disappearance of particles, particle overlap, and motion
pattern changes. Consequently, our method offers a novel approach to improve
the temporal resolution of subcellular imaging and reduce sample exposure time
and phototoxicity.
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1 Introduction

With the significant advancements in microscopy imaging technologies, the demands
for studying rapid dynamic processes within living cells have also escalated. This
requires both high imaging acquisition speed and quality. However, achieving both
simultaneously is often a trade-off: higher image quality, such as improved signal-
to-noise ratio (SNR) and image resolution, typically comes at the cost of reduced
acquisition speed; conversely, higher speed constrains the contextual information in
the images. Additionally, prolonged exposure times can compromise the health of the
sample, further complicating efforts to achieve high acquisition speeds. Therefore, it is
essential to explore methods for enhancing the temporal resolution of image acquisition
while maintaining image quality.

Deep learning (DL) algorithms have been utilized in microscopy image post-
processing for several years, yielding groundbreaking advancements across various
applications[1-12]. Among these algorithms, video frame interpolation (VFI) has
emerged as a crucial low-level computer vision task, aimed at generating non-existent
intermediate frames between consecutive inputs. This approach significantly enhances
the temporal resolution of video sequences, offering a valuable tool for capturing
dynamic processes within living cells at higher temporal detail[11, 12]. CAFI[12] has
attempted to apply this technology in subcellular living-cell imaging, testing two deep
learning-based video frame interpolation (VFI) methods, ZS[13, 14] and DAIN[15],
demonstrating that they significantly outperform traditional interpolation methods.

However, CAFI[12] noted some limitations of deep learning-based VFI methods,
such as artifacts and difficulty handling fast-moving objects[16], which can impact
the quality of interpolation results. Our investigation reveals that current interpola-
tion methods, whether reliant on pixel-level motion estimation[17-20] or convolutional
operations[21-23], predominantly focus on subcellular appearance features. While
appearance features are adequate for matching in natural images, subcellular com-
ponents often exhibit very similar appearance characteristics, such as particles with
closely resembling shapes and brightness levels. Consequently, relying solely on appear-
ance features proves inadequate for effectively distinguishing and matching subcellular
components of the particle type. This highlights the necessity for simultaneous anal-
ysis of multiple channels to provide a better description of particles for identifying
subcellular dynamics.

Subcellular components typically exhibit a variety of behaviors, such as substance
transport[24-26] and signal transduction[27, 28]. In recent years, researchers have
modeled and analyzed subcellular behaviors, achieving significant results[29-32]. We
focused on the behavior of particles within subcellular images, where different behav-
iors usually manifest distinct motion patterns. We reasoned that modeling the behavior
of particles would aid in better identifying the motion of each particle, thereby assist-
ing interpolation models in distinguishing and matching particles across consecutive
frames.

Here, we devised a subcellular behavior-based video frame interpolation (SuB-VFI)
model to achieve more accurate interpolation predictions (Fig.1la). By extracting the
group behavioral feature for each particle (Fig.1b) and effectively integrating it with
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Fig. 1 Subcellular behavior-based VFI model. a, Architecture of our subcellular behavior-
based VFI model, which comprises a Subcellular Behavior Model, Appearance Feature Extractor,
Feature Alignment Module, and Frame Synthesis Module. Iy, I1, and I; represent the input of two
consecutive frames and the output of the intermediate frame, while FB and F4 denote the behavioral
features and appearance features. b, Subcellular Behavior Model: Group behavioral features are
extracted by modeling the behavior of particles within two frames Ip and I;. ¢, The Feature Alignment
Module maps behavioral features from two dimensions to three dimensions, integrating them with
appearance features. (z;,y;) represents the coordinates of the particle. d, Correlation map for all pairs
of behavioral features of particles within the frames Iy and I;. e, Frames I (left, 512x512 pixels),
I (middle, 512x512 pixels), and resized correlation image (right, 64x64 pixels) between particle P
in the frame Iy (highlighted in red box) and all particles within the frame I;.

the appearance feature (Fig.1c), our approach significantly enhances both the distinc-
tiveness of particles and the inter-frame correlation between corresponding particles
(Fig.1d, le). This behavioral feature effectively addresses the limitations of appearance
features in terms of particle recognition.

We validated the superior performance of Sub-VFI against existing VFI methods
using both simulated particle datasets from the ISBI Particle Tracking Challenge[33]
and real experimental datasets we collected. The simulated dataset includes three
motion patterns: directed motion, Brownian motion, and random switching motion
between these two. These motion patterns are representative of various subcellular
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scenarios. We collected three real datasets from the literature, specifically from APC-
binding protein EB1[31], CC chemokine receptor 5 (CCR5)[32], and lysosomes[12].
These real datasets come from different biological samples and encompass a range of
representative subcellular behaviors, with motion patterns that correspond directly
to directed motion, Brownian motion, and random switching motion. Across these
datasets, our approach consistently outperforms or matches the best-performing meth-
ods, demonstrating exceptional robustness. Specifically, Sub-VFI delivers interpolation
results that align more closely with ground truth, especially in challenging scenarios
such as sudden particle appearances or disappearances, large particle displacements,
and particle overlap—issues that are common and difficult to address in subcellular
research[34-37], where other methods often struggle. In the simulated datasets, our
approach surpassed other methods, achieving a PSNR enhancement of up to 0.28 dB
and an SSIM improvement of up to 0.42%. In the real datasets, it resulted in a PSNR
increase of up to 0.14 dB and an SSIM enhancement of up to 0.82%. Extensive track-
ing analysis on both simulated and real data further validates the potential of our
approach, which produces interpolated sequences with fewer trajectory errors, includ-
ing interruptions, incorrect connections, and missing trajectories. Our method also
achieved a leading position across the five tracking metrics in the ISBI particle tracking
challenge[33]. To sum up, leveraging the effectiveness of behavioral features, we offer
a novel approach to enhancing the temporal resolution of live-cell imaging without
increasing sample health risks, yielding more accurate results that assist researchers
in accurately exploring the rapid subcellular dynamics.

2 Results

2.1 Behavioral features are more effective than appearance
features in reflecting particle motion patterns

Our objective is to enhance the model’s ability to identify particle motion patterns
by incorporating behavioral features; thus, we aim to demonstrate that behavioral
features are more effective than appearance features in accurately reflecting these pat-
terns. To validate this, we conducted experiments on both simulated and real datasets,
mixing particles exhibiting directed motion and Brownian motion, and extracting their
respective behavioral and appearance features. We calculated the correlation of the two
types of particle features between consecutive frames to establish the correspondence
of particles in these frames. The vector composed of the coordinates of corresponding
particles is referred to as the particle-level flow. We subsequently classified the mixed
particles based on the average particle-level flow along their trajectories.

Results from both the simulated and real datasets indicate that the classifica-
tion outcomes using behavioral features closely align with the ground truth (Fig.2a),
achieving macro Fl-scores of 0.98 and 0.92, respectively. In contrast, the macro F1-
scores for appearance features were only 0.88 and 0.74. Due to the visual similarity
among particles, the use of appearance features on the simulated dataset led to mis-
classification of some directed motion particles as Brownian motion particles, while in
the real dataset, some Brownian motion particles were incorrectly classified as directed
motion. This underscores the greater accuracy of features extracted by the behavioral
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model in identifying particle motion patterns, thereby aiding the interpolation model
in more effectively matching particles.
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Fig. 2 Quantitative and qualitative assessment of Sub-VFI in simulated particle frame
interpolation. a, Particle classification results of appearance feature (left), behavioral feature (mid-
dle), and ground truth (right) on Microtubule (purple) -Vesicle (yellow) dataset (top) and EB1
(purple) -CCRS5 (yellow) dataset (bottom). b-d, Temporal color-coded overlaid projection of image
sequences of the ground truth and different interpolation methods for Microtubule (b), Vesicle (c),
and Receptor (d). White arrows highlight regions of interest for comparing interpolation performance.
In the Microtubule dataset, arrows highlight the areas where particles appear and disappear, while
in the Receptor dataset, regions of particle absence or artifacts are marked. Scale bar, 30, 30, 18
pixels. e, Statistical comparison on the three simulated datasets in terms of PSNR1T/SSIM1(n = 98
interpolated image frames).
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2.2 Behavioral features enable high accuracy in particle
matching

To assess the ability of Sub-VFI to predict subcellular dynamics, we first conducted
evaluations on simulated datasets from the 2014 ISBI Particle Tracking Challenge[33].
Simulated datasets not only provide a rich source of training data but also offer ground
truth tracking, which is essential for testing tracking performance. Furthermore, the
simulated datasets encompass a range of particle densities, thereby enhancing the
comprehensiveness of the test results. The simulated particle motions include directed
motion, Brownian motion, and random switching between these two patterns, as out-
lined in the challenge. These three motion patterns correspond to the Microtubule
dataset, Vesicle dataset, and Receptor dataset, respectively. For each motion pattern,
we generated 6,000 images using the ICY data generator[38] as our training set and
utilized the dataset downloaded from the challenge as the test set. We compared our
predictions against four deep learning-based video frame interpolation (VFI) meth-
ods: AMT[17], M2M[18], DAINJ15], and ZS[13, 14]. Information regarding these four
interpolation methods and the model training process can be found in the Methods
section. The quality of the interpolated images was assessed using two widely rec-
ognized objective pixel-based quality metrics: Structural Similarity Index[39] (SSIM)
and Peak Signal-to-Noise Ratio[40] (PSNR).

We first evaluated the efficacy of our approach in addressing the subcellular frame
interpolation challenge under low particle density conditions. To do this, we grouped
every three consecutive images, using the middle frame as the ground truth. Our obser-
vations indicate that our approach effectively inferred the middle frame across various
motion types (Fig.2b-2d). In the Microtubule dataset, our approach produced inter-
polation results closer to the ground truth, particularly during instances of particle
appearance or disappearance, when compared to other VFI methods such as M2M,
ZS, and AMT. This indicates that our method is better equipped to handle particle
occlusion, where a particle appears in only one of the two frames. We attribute this
capability to the behavioral model’s ability to capture the motion patterns of particles;
even in instances where particles cannot be matched, the model can still predict their
positions in the next or previous frame based on their motion patterns. Additional
examples of particle occlusion can be found in Supplementary Figure S2. In the Vesicle
dataset, due to the relatively small particle movement and the overly smooth interpo-
lation results across all methods, no significant differences were observed between the
approaches. Conversely, in the Receptor dataset, where particle movements became
larger, the behavior-based VFI approach generated high-quality interpolated frames,
while other methods exhibited artifacts or interruptions in particle trajectories. Inter-
ruptions in particle trajectories signify instances where the interpolation model failed
to accurately match particles, resulting in missing particles in the generated images.
Therefore, the experimental results on the Receptor dataset demonstrate that our
model excels in particle matching performance.

We also quantified the interpolation accuracy using PSNR and SSIM metrics
(Fig.2e). While other methods exhibited variability in performance across different
motion patterns, such as DAIN showing a decline in performance on the Vesicle dataset
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and AMT on the Microtubule dataset, our approach consistently yielded more sta-
ble and superior results. Quantitative analysis further indicates that the behavioral
feature exhibits robustness across different motion patterns of particles.
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Fig. 3 Quantitative and qualitative assessment in the high-density scenario. a, Interpo-
lated frames (top) and SSIM maps (bottom) of GT and different interpolation methods. The images
from the Receptor dataset were enhanced. Scale bar, 80 pixels. b, Statistical comparison on the three
simulated datasets in terms of PSNR1/SSIMT(n = 98 interpolated image frames). ¢, Examples of
input images (lo, I1), ground truth images, and interpolation results from different methods in cases
of particle overlap. The overlapping regions are highlighted with white arrows. Scale bar, 20 pixels.

2.3 Behavioral features remain effective in high-density
scenarios

Sub-VFT also demonstrates superior interpolation performance in high particle-density
images. Particle density details are available in Supplementary Table S1. As particle
density increases, the proximity between particles decreases, and overlaps may occur,
making it more challenging to distinguish particles across consecutive frames. This
significantly complicates the prediction of subcellular dynamics. High-density scenarios
are common in real-world datasets, making it crucial to evaluate subcellular structure
prediction under these conditions.
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We applied our approach to high-density datasets while maintaining the same
experimental setup used for the low-density case, and we analyzed the quality of the
generated intermediate frames (Fig.3a). In the Microtubule dataset, where particles
are larger and more prone to overlap, our approach performed better than other inter-
polation methods, especially in regions of high particle density. This is evident from
the SSIM maps: red regions, indicating lower scores, typically appear in areas of higher
particle density due to the increased difficulty in these regions. In the SSIM maps
derived from our model’s interpolation results, there are fewer red regions or they
are lighter in color. This reflects that the behavioral feature enhances matching accu-
racy, leading to a reduction in matching errors in high-density areas. Additionally,
we observed that when particles overlapped, the brightness in the overlapping regions
increased, and our behavior-base VFI model was more effective at capturing this com-
pared to other interpolation techniques (Fig.3c). This indicates that similar to the
cases of particle appearance or disappearance in low-density scenarios, the behavior
model’s predictions of particle motion enable our method to better handle occlusions
such as particle overlaps. On the Vesicle dataset, all methods exhibited a significant
decline in performance compared to the low-density scenario. This indicates that the
unpredictability of Brownian motion greatly increases the matching difficulty for inter-
polation models in high-density situations. In the Vesicle and Receptor datasets, our
approach performed similarly to AMT. The same conclusion could also be drawn
from the PSNR/SSIM results obtained from the high-density dataset (Fig.3b), and
these PSNR results were significantly lower than those from the low-density dataset,
indicating the increased difficulty of interpolation in high-density particle images.

2.4 Behavioral features enhance particle tracking accuracy

Single particle tracking (SPT) serves as a fundamental tool for quantitatively analyzing
dynamic intracellular processes, yet its accuracy can be limited by the temporal reso-
lution of imaging data. Thus, SPT can be considered a downstream task of subcellular
structure image interpolation.

To evaluate the quality of interpolated image sequences generated by different
methods in the context of SPT, we conducted tracking experiments on the low-density
dataset using the TrackMate[41] plugin within the Fiji[42] image analysis platform. For
tracking quality assessment, we employed five performance criteria established in the
ISBI particle tracking challenge. We compared the particle tracks obtained from the
predictions of various methods against the actual ground truth positions. Our approach
yielded significantly fewer trajectory interruptions and errors compared to other meth-
ods, resulting in interpolated trajectories that align more closely with the ground
truth (Fig.4a-4c). In the Microtubule dataset, M2M, ZS, and AMT exhibited instances
of late starts or premature ends in their trajectories, consistent with our analysis in
low-density scenarios (Fig.2b). Our method, due to its enhanced modeling capabil-
ity for particle motion patterns, produced trajectories that aligned more closely with
the ground truth. In the Vesicle dataset, the trajectories obtained by various methods
were similar; however, when particles were close to each other, other methods tended
to incorrectly link trajectories. In the Receptor dataset, as the particle movement
distance increased, other methods frequently encountered trajectory interruptions.



Q

[J]
>
o
=
=
=
Q
[}
(=]
(%]
2
o
=
]
O
7]
o
Frame
d pairing disdance pairingscore full normalized score track score detection score
05 04 080
20750 4 L 048 0.72
QD] o500 -
S| 20s0 070
087 4
ods
L) 0007
S| 086 o6
0as
- 17250 o 046
o 04 0% 066
S| o as 7
R4 16750 4 03 043 072 4
16250 o
16000 T T T T T 0.34 T T T T T T T T T T 070 T T T T T 050 T T T T
N P S e P N
R N © gt I R S I R R
28900 055 4 0s3 0830 0820
28800 4 1 0.925 0815 4
28700 4 052 0.920 4
Q| 286004 045 7 o8
< 052 0ss
Q 28500 7 0.805 -
= Ry
(%] 044 4 0.800 #
D 27004 0ar
> 0785 4
24600
o670
043
24500
24400 4 0775 4 0665 1
24300 s bl ER T BB ol B BB ol B BB el
b e P P P N
B e @ BN @ W o gt @t L S S S B e @
065 1 063 080 076
19000
] 075 4
14000 % 06a oez 089
0744
S| e os1 4 e
- 063 4 0734
13600 4 0.60 4
[} 0.87 0724
o 13400 4 0.62 7 059 7 074 o
0.46 7 071 7
Q 035
| 045 4
. 0734
04s -
13000 |
— el BB LWl - BB el B BE sl -
R U S o & o N
I S R R I R S Tt o

Fig. 4 Quantitative and qualitative assessment of tracking performance on simulated
data. a-c, TrackMate tracks of interpolation compared with ground truth tracks for Microtubule (a),
Vesicle (b) and Receptor (c). White arrows highlight potential error points along trajectories. In the
Microtubule dataset, arrows indicate examples of trajectory beginnings and endings; in the Vesicle and
Receptor datasets, instances of erroneous connections and trajectory interruptions are highlighted.
Scale bar, 30, 15, 30 pixels. d, Five tracking evaluation metric results of simulated datasets with ZS,
DAIN, M2M, AMT, and Ours interpolation. A smaller pairing distance signifies greater proximity to
the ground truth, while the opposite holds for other metrics.
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This also aligned with our analysis in low-density scenarios (Fig.2d). However, our
approach reduced errors in erroneous connections and trajectory interruptions, owing
to its precise particle-matching ability. Quantitative analysis of tracking performance
confirmed the superiority of our approach (Fig.4d), as evidenced by its leading per-
formance across five tracking evaluation metrics in the Microtubule and Receptor
datasets, and in most metrics of the Vesicle dataset. Additionally, although M2M per-
formed slightly less well in image quality generation compared to other methods, its
tracking performance suffered significantly.

2.5 Behavioral features improve interpolation performance on
real datasets

To demonstrate the efficiency of the behavioral feature in handling real experimental
data, we conducted tests on three collected real datasets: the EB1 dataset[31], CCR5

10
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Fig. 6 Quantitative and qualitative assessment of tracking performance on real data. a,
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while the ellipses highlight areas where our results demonstrate greater accuracy. b, Five tracking
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dataset[32], and Lysosome dataset[12]. These datasets correspond to directed motion,
Brownian motion, and random switching motion, respectively. We split each dataset
into training and test sets at a 1:1 ratio. The training sets were used to fine-tune the
pre-trained models of each interpolation method, and interpolation performance was
then evaluated on the test sets. Detailed information about the three datasets can be
found in Supplementary Table S2.

In our evaluations on real datasets, Sub-VFI exhibited stable interpolation results
with higher SSIM. In the EB1 dataset, particles in the upper half of the images become
crowded, leading to increased density. Other methods displayed significant errors in
this region (indicated by deep red areas in the SSIM maps), while our results exhib-
ited minimal severe errors (Fig.5a), demonstrating the effectiveness of our approach in
high-density scenarios. In the CCR5 dataset, the differences among methods were rel-
atively minor due to the small amplitude of particle motion (Fig.5b). In the Lysosome
dataset, our results showed fewer significant errors (depicted as deep red regions in
the SSIM maps, Fig.5c), confirming that the behavioral feature enables more accurate
particle matching in the interpolation model. Quantitatively, our approach consis-
tently maintains a high level of performance across all three datasets (Fig.5d), while
other methods exhibited substantial variability. For instance, DAIN performed com-
parably to our approach on the CCR5 and Microtubule datasets, but its performance
significantly declined on the Lysosome dataset. Similarly, AMT achieved high PSNR
values but lower SSIM scores. Qualitatively, we further compared the results of vari-
ous methods on the EB1 dataset. When two particles were in close proximity, M2M,
ZS, and AMT lost one of the particles. Although DAIN did not lose any particles, our
method produced results that were closer to the ground truth. (Fig.5e).

2.6 Behavioral features reduce trajectory tracking errors on
real datasets

We further benchmarked the SPT performance of our approach on real data. Since
no ground truth tracking is available for the real datasets, we used the TrackMate
plugin[41] to track particles in the test images and treated these tracks as the ground
truth for tracking experiments on real data.

We selected a representative trajectory from each dataset for analysis and focused
on the results from three well-performing methods: DAIN, AMT, and our approach
(Fig.6a). Visualizations of each trajectory can be found in Supplementary Figure S3.
In the EB1 dataset, the selected trajectory predominantly moved along the y-axis.
Notably, both AMT and DAIN displayed delayed trajectory emergence, whereas the
behavioral model’s ability to capture particle motion patterns allowed our method
to predict the initial phase of the trajectory, which remained consistent with the
subsequent particle movement. Additionally, DAIN exhibited instances of premature
trajectory interruption. In the CCR5 dataset, the differences among methods were
minimal. In the Lysosome dataset, the selected trajectory first displayed Brownian
motion before transitioning to directed motion. During the Brownian motion phase,
the results from various methods were similar; however, as particles shifted from Brow-
nian to directed motion, both AMT and DAIN experienced trajectory interruptions.
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Our approach effectively captured this transition, demonstrating the robust model-
ing capabilities of the behavioral model for particle motion patterns. Quantitative
tracking metrics indicated that our method produced more stable tracking results
(Fig.6b). Although DAIN outperformed our method in the CCR5 dataset, it exhibited
a marked decline in performance on the Lysosome dataset, consistent with the earlier
assessments of image generation quality.

3 Discussion

Video frame interpolation techniques can enhance the temporal resolution of live-
cell imaging, facilitating the observation of rapid cellular dynamics while mitigating
phototoxicity damage to samples. However, existing interpolation models struggle
to effectively differentiate between visually similar subcellular components, resulting
in significant shortcomings in interpolation outcomes. Our approach addresses this
limitation by modeling the behavior of subcellular particles, embedding group behav-
ioral features into individual appearance characteristics. Subcellular particles typically
exhibit unique behaviors, which distinctly differentiate these microscopic entities from
macroscopic objects. Thus, effectively leveraging this behavioral information serves
as an excellent complement to the particles’ uniqueness. We demonstrate that our
approach is applicable across various representative subcellular particle behaviors and
motion patterns, while also exhibiting stability in downstream particle tracking tasks.

The experimental results indicate that the behavioral feature excels in subcel-
lular frame interpolation. In low-density simulated datasets, the behavioral feature
consistently captures the appearance, disappearance, and rapid movement of small
particles with high accuracy. In high-density scenarios, our approach delivers interpo-
lation results that are closely aligned with ground truth images, even in regions where
particle overlap occurs. Particle tracking experiments on the interpolated frames show
significantly fewer trajectory interruptions and errors with our approach than with
other methods. For real dataset interpolations, our approach maintains stability and
demonstrates exceptional performance, particularly on the EB1 dataset, where its
interpolated frames are the closest to the ground truth. Tracking experiments on these
real datasets further show that our approach reduces common tracking errors, such
as trajectory disappearance, compared to other state-of-the-art methods, highlighting
its robustness and effectiveness in handling subcellular dynamics.

We outline two key capabilities that distinguish Sub-VFI from other frame
interpolation models: (1) Robustness in challenging scenarios: Sub-VFI consistently
outperforms other methods in difficult conditions, such as when particles appear or dis-
appear, move rapidly, or overlap. These challenging situations are common in biological
datasets, and our approach’s ability to accurately interpolate under these condi-
tions demonstrates its superior robustness. This robustness is primarily attributed
to the accurate modeling of particle motion patterns by the behavioral model. (2)
Enhanced generalization ability: The behavioral feature exhibits stable performance
across datasets with diverse subcellular behaviors and motion patterns. In contrast,
other methods often show performance degradation in certain datasets, indicating that
relying solely on subcellular appearance features is insufficient for distinguishing and
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matching subcellular components under these challenging scenarios. Our approach
effectively mitigates this limitation, allowing for more accurate modeling of subcel-
lular dynamics across different datasets and conditions. These capabilities highlight
behavioral features’ unique advantage in subcellular frame interpolation, even in the
most complex scenarios.

Subcellular image interpolation solutions hold great promise for enhancing
microscopy bioimaging by reducing laser exposure or enabling higher frame rates to
study rapid subcellular processes. Despite this potential, these solutions have limita-
tions: First, as noted by CAFI[12], interpolation networks may introduce artifacts, and
Sub-VFI can produce errors such as particle loss or overly smooth results. Therefore,
it is critical to conduct domain-specific assessments and downstream task analyses
before applying interpolated results in practical bioimaging applications[43]. Second,
despite similar particle motion patterns, we observed a noticeable performance gap
when transitioning from simulated to real datasets. Models fine-tuned on simulated
data often underperform on real datasets, a challenge not unique to our approach but
shared by other interpolation methods. Fine-tuning on real data is essential, which
limits the generalization of our approach. Finally, subcellular images may contain addi-
tional interfering components or image noise, posing further challenges for subcellular
image interpolation. In future work, addressing dataset issues will remain a primary
focus; we aim to explore more generalized simulated datasets and a broader range of
real datasets. Additionally, effective denoising of images will be one of the methods to
enhance the quality of subcellular interpolation.

In summary, we explored the incorporation of an additional channel within
subcellular images as supplementary input for learning subcellular dynamics and
demonstrated that analyzing subcellular behavior is a crucial approach for post-
processing subcellular images. This method not only improves the temporal resolution
of subcellular images but also enhances the accuracy of subcellular dynamic model-
ing. We demonstrated the effectiveness of this approach across various datasets and
further validated its robustness through particle tracking in downstream tasks. We
hope that this exploration will inspire further advancements in the study of subcellular
dynamics, paving the way for more accurate and efficient bioimaging techniques.

4 Methods

4.1 Dataset Preparation

Our simulated test data were sourced from the 2014 ISBI Particle Tracking
Challenge[33], which provided three types of 3D (2D+T) particle images: Micro-
tubules, Vesicles, and Receptors. These datasets correspond to directed motion,
Brownian motion, and random switching between these two types of motion, respec-
tively. We selected the low-density and high-density datasets from each category as
test data, with each dataset comprising 100 images. To generate adequate training
data, we employed the ISBI Challenge Tracking Benchmark Generator plugin within
the ICY software[38], generating a total of 6,000 images (2,000 images at a time,
repeated three times) for each particle type along with tracking ground truth files for
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the image sequences. The parameters for particle simulation were set to default val-
ues to maintain consistency with the test data. All parameter values for the particle
simulation datasets are detailed in Supplementary Table S1.

Using the tracking ground truth files, we extracted particle coordinates from each
image, along with the particle-level flow between adjacent frames. These coordinates
and flows will be used to train the subcellular behavior model and the interpolation
network.

To assess the effectiveness of our method on real datasets across different subcel-
lular behavior and particle motion patterns, we collected three real datasets from the
literature, ensuring that their motion patterns directly correspond to those in the sim-
ulated datasets. EB1, exhibiting directed motion, was identified as an APC-binding
protein and reported to be associated with microtubules[31]. CC chemokine recep-
tor 5 (CCRS), primarily exhibiting Brownian motion, is a major receptor involved in
inflammation and serves as the principal entry co-receptor for HIV-1[32]. Lysosomal
behavior is a highly dynamic phenomenon that plays a crucial role in essential cellular
processes such as degradation and repair mechanisms[12]. In the datasets we collected,
its motion patterns switch between directed motion and Brownian motion. Further
details about these datasets can be found in Supplementary Table S2.

4.2 Subcellular Behavior Model

The subcellular behavior model aims to characterize the behavior of particles within
subcellular images, capturing their behavioral features. Inspired by scene flow meth-
ods, we input the coordinates of particles from different frames and output their
matching features. Scene flow learning networks[44-47] are widely employed for motion
estimation in point clouds, with common applications in autonomous driving and
robotics. Recently, some researchers have begun to apply this type of network to Par-
ticle Tracking Velocimetry (PTV)[48, 49]. Here, we applied this approach to model
subcellular behavior.

To effectively focus on the behavior of the entire particle population, it is essen-
tial that the behavioral features extracted by the model possess a global perspective.
The GMSF[47] model is an excellent choice for this purpose, which employs a hybrid
local-global-cross Transformer architecture to learn accurate and robust feature rep-
resentations. The GMSF network has demonstrated strong capabilities across several
scene flow estimation benchmarks, including FlyingThings3D[50] and KITTI[51] Scene
Flow. GMSF begins with an off-the-shelf feature extraction network, DGCNN[52], and
alocal Point Transformer[53] for point cloud tokenization. It then utilizes self-attention
and cross-attention operations to capture correlations among points within the same
frame and across adjacent frames. After extracting features from both frames, GMSF
computes a cross-similarity matrix to derive matching confidence, facilitating point
cloud matching for initial scene flow estimation. A self-similarity matrix for the first
frame is computed and multiplied by the initial scene flow, allowing for the propaga-
tion of scene flow from non-occluded to occluded regions, resulting in the final scene
flow. We adapted the GMSF data format from three-dimensional to two-dimensional
coordinates, feeding the particle coordinates detected in subcellular images into the
model.
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4.3 VFI Network Architectures

For the interpolation network, we selected the AMT|[17] model, which employs a
coarse-to-fine framework and utilizes all-pairs correlation in RAFT[54] to iteratively
refine the bilateral backward optical flow. In the final iteration, multiple sets of optical
flows are generated and input into the frame synthesis module, effectively mitigating
ambiguities caused by occluded regions.

As the behavioral features extracted by the GMSF-based behavior model are orga-
nized according to the input order of particles, while the interpolation network requires
features arranged in a two-dimensional grid corresponding to their spatial positions,
a conversion is necessary. We map the structural features to a two-dimensional vec-
tor that aligns with the dimensions of the image features based on the particles’
two-dimensional coordinates, subsequently fusing these behavioral features with the
appearance features extracted by the appearance feature extractor.

4.4 Training Procedure

We employed a two-stage training strategy. In the first stage, the subcellular behav-
ior model was trained using the simulated training dataset. Particle coordinates from
adjacent images served as input, while the particle-level flow between these images
acted as labels. For the six categories of simulated datasets—encompassing three dis-
tinct motion patterns at both high and low densities—a separate subcellular behavior
model was trained for each category.

In the second stage, we trained the feature fusion module and the interpolation
network. For the six distinct simulated datasets, we first loaded the corresponding
pre-trained subcellular behavior model and froze its parameters. Subsequently, we
copied the parameters from the pre-trained AMT model into our appearance feature
extractor and frame synthesis module, followed by training on the simulated datasets.
The input for this stage consists of particle coordinates and the first and third images
from a sequence of three consecutive frames. The particle coordinates are provided
to the subcellular behavior model to extract structural features, while the images are
fed into the frame synthesis network to generate the intermediate frame. The second
image in the sequence serves as the ground truth. For the real datasets, we loaded
the subcellular behavior model according to their motion patterns and density levels,
with the CCR5 and EB1 datasets classified as low density and the Lysosome dataset
as high density.

4.5 Training Loss

The training losses in both stages were largely consistent with those used in GMSF
and AMT, respectively.

For the first stage, let V denote the estimated particle-level scene flow and Vg, the
ground truth; the training loss is defined as

Lo =3 (Vo) —val)|, +¢)" (1)
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where € is set to 0.01 and ¢ is set to 0.4. Both the final and intermediate scene flow
estimation are used during training. The final loss is given as

El = EVfinaz + IY'CVinter (2)

with v set to 0.9.

In the second stage, we employed the Charbonnier loss[55] Lepqr and the census
loss[56] Lss to supervise the generation of the interpolated frames, and the flow distil-
lation loss L {10, to better predict task-oriented flows. The Charbonnier loss quantifies
the pixel-wise difference between the ground truth intermediate frame and the gen-
erated frame, while the census loss computes the soft Hamming distance between
census-transformed patches of and. The overall training loss for this stage is defined
as follows:

£2 - )\charl:char + )\cssﬁcss + )\flow‘cflow (3)

where Achar, Acss, and Agioy are set as 1, 1, and 0.002.

4.6 Training details

Our model was implemented using PyTorch. For the first training phase, we used the
AdamW optimizer with a weight decay of 10~* and OneCycleLR as the scheduler to
adjust the learning rate dynamically. The initial learning rate was set to 2 x 10~4, and
the batch size was set to 64. Other parameters can be found in Supplementary Table
S7. For the second training phase, we used the AdamW optimizer without weight decay
and the learning rate decay follows the cosine attenuation schedule from 2 x 10~ to
2 x 1072, The batch size was set to 1, and training was conducted for 15 epochs.

4.7 Particle Tracking

Particle tracking was executed using the Fiji[42] plugin TrackMate[41]. For the detec-
tion of particles in the simulated datasets, we employed the Laplacian of Gaussian
(LoG) detector. The linking process was carried out using the ”Simple LAP tracker.”
Detailed parameters for detection and linking specific to each dataset are outlined in
Supplementary Table S3.

For the simulated and real datasets, we implemented different experimental setups.
For the simulated datasets, we have tracking ground truth files. For an image sequence
of length n, the t and ¢+2 images are used as inputs, where ¢ ranges from [1, n—2] with
an increment of 1. This allows us to obtain interpolation results for all intermediate
frames, from the second to the n — 1 frames, fully utilizing the tracking ground truth.
We then combine these interpolation results with the first and last images of the
sequence to create the final sequence, using TrackMate for tracking and comparing
the tracking results with the ground truth through the ICY ISBI Challenge Tracking
Batch Scoring plugin.

Since the real datasets lack tracking ground truth files, we utilize TrackMate to
track the real image sequences and use the obtained tracking results as the ground
truth for the tracking experiments. During interpolation, ¢ is incremented by 2 each
time, effectively downsampling the real image sequences and then using interpolation
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methods for upsampling, allowing us to compare the accuracy of different interpolation
methods in enhancing the temporal resolution of the real image sequences.

4.8 Evaluation metrics

We utilized Peak Signal-to-Noise Ratio[40] (PSNR) and Structural Similarity Index|[39]
(SSIM), which are standard metrics in frame interpolation tasks, to assess both pixel-
level and structural similarities between the interpolated images and the ground truth
images. For the tracking experiments, we adopted five performance criteria from the
ISBI Particle Tracking Challenge: Pairing distance, Normalized pairing score (alpha),
Full normalized score (beta), Similarity between tracks (Jaccard), and Similarity
between detections (Jaccard).

4.9 Competing methods

We compared our approach against several state-of-the-art interpolation methods,
including AMT[17], M2M][18], DAINJ[15], and Zooming SlowMo[13, 14] (ZS). AMT
serves as the interpolation network model for our method; M2M is a classic for-
ward optical flow-based method that, like AMT, utilizes a multi-flow design; DAIN
and ZS are two models employed in CAFI[12], both recognized for their exceptional
interpolation performance.

To ensure a fair comparison, we downloaded the pre-trained models for AMT,
M2M, and DAIN from their respective GitHub repositories, and the pre-trained ZS
model, specifically tailored for enhancing temporal resolution, from the CAFI-provided
Colab code. Consistent with the second stage of training for our approach, we fine-
tuned all competing methods using simulated and real datasets individually. All

experiments were conducted on a uniform machine equipped with an Nvidia GeForce
RTX 2080Ti GPU.

Data availability

The simulated testing dataset (http://bioimageanalysis.org/track/) is available from
the 2014 ISBI Particle Tracking Challenge. The real datasets used in this study
were obtained from previous publications. Specifically, the EB1 dataset was sourced
from the paper published by Mimori-Kiyosue Y et al. in 2000[31], the CCR5
dataset from the paper published by Momboisse F et al. in 2022[32], and the
Lysosome dataset from the paper published by Priessner M et al. in 2024[12].
All training and testing datasets involved in the experiments, including the simu-
lated training datasets generated during this study, can be downloaded via Zenodo
at(https://zenodo.org/records/14043236/).

Code availability

The code is available online at https://github.com/sduzzx857/SuB-VFI.
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Supplementary information

Supplementary Figure S1 shows the architecture of our subcellular behavior-based
VFI model.

Supplementary Figure S2 shows examples of the sudden appearance and disap-
pearance of particles in the Microtubule dataset.

Supplementary Figure S3 shows visualizations of representative trajectories from
real datasets.

Supplementary Table S1 shows parameters for creating simulated training datasets
with the ICY plugin.

Supplementary Table S2 shows the overview of the real dataset details.
Supplementary Table S3 shows parameters for tracking experiments with Fiji
Trackmate plugin.

Supplementary Table S4 shows the evaluation of behavior model on simulated
datasets.

Supplementary Table S5 shows the PSNR/SSIM evaluation of DAIN, M2M, ZS,
AMT, and Ours interpolation.

Supplementary Table S6 shows the tracking evaluation of DAIN, M2M, ZS, AMT,
and Ours interpolation.

Supplementary Table S7 shows parameters for training behavior model.
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Fig. S1 Overall architecture of our subcellular behavior-based VFI model. The blue
section represents the behavior model based on GMSF, while the green section represents the inter-
polation network based on AMT.
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Fig. S2 Examples of sudden appearance and disappearance of particles in the Micro-
tubule dataset. In the white boxed region of the Iy, ground truth (GT), and I, a particle suddenly
appears in the upper right corner, while another particle suddenly disappears in the lower right corner.
ZS and AMT fail to recover these two particles, and M2M demonstrates poor restoration, whereas
DAIN and our method are closer to the ground truth.

Fig. S3 Visualizations of representative trajectories from real datasets. a, The trajectories
of particles performing directed motion along the y-axis in the EB1 dataset reveal that DAIN, M2M,
and AMT display delayed appearance of trajectories, with DAIN and ZS experiencing premature
interruptions. b, In the CCR5 dataset, the differences among various methods are minimal. ¢, During
the Brownian motion phase in the Lysosome dataset, the methods show little variation; however, in
the subsequent directed motion phase, trajectories from DAIN, ZS, and AMT exhibit interruptions.
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ICY (ISBI Challenge Tracking Benchmark Generator)

dataset Microtubule Vesicle Receptor

image width 512 512 512

image height 512 512 512

sequence length 2000 2000 2000

SNR 7 7 7

density low 67 100 100

density high 760 1000 1000

image depth 1 1 1

Table S1 Parameters for creating simulated training datasets with

ICY plugin.
Dataset ‘ Microscopy Imaging Organism Publication Training Data Number (Size) Test
EB1 fluorescence Xenopus A6 cells [31] 34 (288x352) 34 (288x352)
CCR5 TIRF HEK 293 cells [32] 50 (496 x496) 50 (496x496)
Lysosome| confocal SH-SY5Y cells [12] 20 (512x512) 19 (512x512)

Table S2 Overview of the real dataset details.

Trackmate Parameters Microtubule  Vesicle Receptor EB1 CCR5 Lysosome
Estimated blob diameter 8 3 3 7 3 3
Threshold 3 12.5 15 5 15 10
Selected Tracker Simple LAP tracker

Linking max distance 8 8 8 8 8 8
Gap-closing max distance 8 8 8 8 8

Gap-closing max frame gap 2 2 2 2 2 2

Table S3 Parameters for tracking experiments with Fiji Trackmate plugin.
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‘ EPE>pl ACCg? ACCR?T Outliers|
Microtubule-low 0.0082 98.8829 98.9067 1.0933
Microtubule-high 0.0891 87.0842 87.3414 12.6586
Vesicle-low 0.0025 99.3416 99.3490 0.6285
Vesicle-high 0.0214 94.65 94.86 5.10
Receptor-low 0.0020 99.2378 99.2562 0.5693
Receptor-high 0.0158 95.9929 96.1117 3.6508

Table S4 Evaluation of behavior model on simulated datasets.
EPE,p) is the 2D endpoint error ||V — Vgt (i)||2 between the estimated
particle-level flow and the ground truth averaged over each particle. ACCg? is
the percentage of the estimated particle-level flow with a relative error of less
than 5%. ACCR?1 is the percentage of the estimated particle-level flow with a
relative error of less than 10%. Outliers]| is the percentage of the estimated

particle-level flow with a relative error of more than 10%.

DAIN

M2M

A

AMT

Ours

Microtubule-low
Vesicle-low
Receptor-low
Microtubule-high
Vesicle-high
Receptor-high
EB1

CCR5

Lysosome

35.55,/0.7897
35.05,/0.7976
35.69,/0.7907
32.95,/0.8292
29.22/0.6490
33.35,/0.8077
29.22/0.6778
41.70/0.9617
34.59/0.9550

35.08,/0.7809
34.96,0.7927
35.43/0.7838
28.99/0.7278
29.05/0.6368
32.93/0.7956
28.01/0.6119
41.51/0.9601
34.39/0.9610

35.35/0.7883
35.03/0.7968
35.63/0.7899
32.56/0.8218
29.00/0.6423
33.23/0.8058
27.40/0.6180
41.48/0.9600
34.47/0.9546

35.45/0.7891
35.11/0.7980
35.71,/0.7909
33.06/0.8325
29.29/0.6503
33.69/0.8150
28.78/0.6344
41.73/0.9614
34.55/0.9536

35.56,/0.7898
35.10/0.7981
35.71/0.7908
33.34/0.8363
29.27/0.6504
33.59/0.8138
29.36,/0.6860
41.69/0.9615
34.56,/0.9612

Table S5 PSNRT/SSIMT evaluation of DAIN, M2M, ZS, AMT, and Ours

interpolation. The best result is shown in underlined.
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DAIN

M2M

7S

AMT

Ours

16396

Microtubule /0.4898/0.4707

Vesicle

Receptor

EB1

CCR5

Lysosome

/0.8875/0.7131

24453
/0.5441/0.5278
/0.9267/0.8118

13450
/0.6383/0.6112
/0.8831/0.7313

5173
/0.3254/0.2701
/0.4801/0.3385

6348
/0.5929/0.5700

/0.3878/0.6254

15008
/0.6559/0.6120
/0.6145/0.6628

21018
/0.3460/0.3209
/0.7119/0.5102

28762
/0.4638/0.4260
/0.7782/0.6655

19071
/0.4871/0.4441
/0.7275/0.5332

5940
/0.2255/0.1794
/0.3382/0.2214

6750
/0.5671/0.5312
/0.3605,/0.5836

14768
/0.6614/0.6194
/0.6143/0.6694

17319
/0.4611/0.4420
/0.8653,/0.6744

24538
/0.5425/0.5271
/0.9283/0.8123

13730
/0.6307/0.5992
/0.8857/0.7269

6480
/0.1551/0.1226
/0.2617/0.1683

7198
/0.5384/0.5130
/0.3076,/0.5596

15155
/0.6525/0.6145
/0.625/0.6699

16686
/0.4808/0.4610
/0.8883,/0.6971

24632
/0.5408/0.5224
/0.9128/0.8027

13881
/0.6267/0.5979
/0.8736/0.7173

5215
/0.3200/0.2766
/0.4516/0.3264

6800
/0.5639/0.5338
/0.3555,/0.5837

14579
/0.6657/0.6234
/0.6346/0.6718

16124
/0.4983/0.4831

/0.8986,/0.7299

24310
/0.5468,/0.5294

/0.9268/0.8134

13108
/0.6475/0.6253

/0.8980/0.7518

4806
/0.3733/0.3185

/0.4947/0.3673

6713
/0.5695/0.5392
/0.3633,/0.5876

14333
/0.6714/0.6264

/0.6346/0.6792

Table S6 Tracking evaluation of DAIN, M2M, ZS, AMT, and Ours interpolation. Five
performance criteria from the ISBI Particle Tracking Challenge: Pairing distancel, Normalized
pairing score (alpha)t, Full normalized score (beta)T, Similarity between tracks (Jaccard)T, and
Similarity between detections (Jaccard)f. The best result is shown in underlined.

Parameters Microtubule Micrc?tubulc Vesicle V0§iclc Receptor Rcc'cptor
low high low high low high
num_transformer_pt_layers 1 1 1 1 1 1
num_transformer_layers 4 4 4 4
feature_channels 64 64 64 64 64 64
npoints 85 750 135 1100 110 910
num_steps 20000 40000 20000 20000 20000 20000

Table S7 Parameters for training behavior model.
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